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ABSTRACT

Personality recognition from text is typically cast as hard-label classification,
which obscures the graded, prototype-like nature of human personality judg-
ments. We present PROTOMBTI, a cognitively aligned framework for MBTI
inference that operationalizes prototype theory within an LLM-based pipeline.
First, we construct a balanced, quality-controlled corpus via LLM-guided multi-
dimensional augmentation (semantic, linguistic, sentiment). Next, we LoRA-fine-
tune a lightweight (≤2B) encoder to learn discriminative embeddings and to stan-
dardize a bank of “personality prototypes”. At inference, we retrieve top-k proto-
types for a query post and perform a retrieve–reuse–revise–retain cycle: the model
aggregates prototype evidence via prompt-based voting, revises when inconsisten-
cies arise, and, upon correct prediction, retains the sample to continually enrich
the prototype library. Across Kaggle and Pandora benchmarks, PROTOMBTI im-
proves over baselines on both the four MBTI dichotomies and the full 16-type task,
and exhibits robust cross-dataset generalization. Our results indicate that aligning
the inference process with psychological prototype reasoning yields gains in ac-
curacy, interpretability, and transfer for text-based personality modeling.

1 INTRODUCTION

Understanding a user’s personality is a core enabler of personalized AI: it lets systems tailor content
and interaction style to individuals rather than rely on one-size-fits-all heuristics. In education,
personality-aware tutors adjust pacing and feedback framing to sustain engagement and improve
outcomes Sajja et al. (2023); in recommendation, personality signals inferred from everyday text
mitigate cold-start and disambiguate intent when history is sparse He et al. (2018); Chen et al.
(2012); Li et al. (2023); and in organizational decision support, personality-sensitive analysis of
internal communications informs team formation while respecting individual styles Wang (2024).
Across these settings, a common requirement is to infer enduring, person-level dispositions directly
from language produced in the wild, without administering standalone psychometric tests.

Within this context, Myers-Briggs Type Indicator (MBTI) serves as a pragmatic operational code for
personality-aware NLP: it is widely understood and used in practice and online communities Myers
(1962); McCrae & Costa (1989). The goal here is to infer a user’s MBTI type (four dichotomies
yielding sixteen types) by extracting latent psychological traits from user-generated text Pan & Zeng
(2023); Li et al. (2025); Gjurković et al. (2020). Prior approaches fall into three families. (i) Lexicon
methods hand-engineer features (e.g., LIWC) and train shallow classifiers Taboada et al. (2011);
Komisin & Guinn (2012). (ii) Neural models (CNN/RNN/Transformer) learn text representations
end-to-end and improve accuracy Ryan et al. (2023); Ashraf et al. (2024); Patil et al. (2024); Zhu
et al. (2024b); Shobha et al. (2024). (iii) LLM-based methods use prompting, few-shot exemplars, or
augmentation to perform zero/few-shot prediction Li et al. (2024); Hu et al. (2024); Li et al. (2025),
with recent systems exploiting contrastive objectives, multi-view signals, or knowledge-enhanced
reasoning Hu et al. (2024); Bi et al. (2025); Ma et al. (2022); Yang et al. (2021a).

Rosch’s prototype theory is well-acknowledged in cognitive psychology and asserts that people cat-
egorize by comparing to central exemplars, or prototypes, rather than applying strict rules Rosch &
Mervis (1975). This view aligns with MBTI’s graded dichotomies where personality are captured by
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Figure 1: Illustration of the Retrieve–Reuse–Revise–Retain cycle in ProtoMBTI. Step 1 (Retrieve): match
query cues with prototypes. Step 2 (Reuse): reuse retrieved patterns as evidence. Step 3 (Revise): adjust
predictions for consistency. Step 4 (Retain): store verified cases to enrich the prototype library. This cycle
shows how ProtoMBTI operationalizes case-based reasoning under prototype theory.

preference scales rather than binary categories Myers (1985); McCrae & Costa (1989), and suggests
representing personality types via prototypes and reasoning by similarity to them. Large Language
Models (LLMs) are well suited to such prototype-guided inference; recent studies indicate that pro-
totype conditioning can improve both performance and faithfulness across tasks Zhu et al. (2024a);
Deng et al. (2024); Wei et al. (2025); He et al. (2025); Ren et al. (2024). However, existing studies
on text-based MBTI prediction have not aligned with this psychological intuition, treating MBTI
labels as fixed categorical targets. We therefore investigate how prototype-based reasoning may be
integrated into LLMs to improve MBTI prediction from text. Concretely, we ask: (1) how to construct
operational personality prototypes consistent with psychological theory, and (2) how to retrieve and
integrate them during inference to yield predictions that are accurate, interpretable, and transferable
across datasets. We investigate these questions in the setting of MBTI inference from social-media
posts.

To answer these questions, we present ProtoMBTI, a prototype-based reasoning framework for
MBTI inference from social-media text. Our central contribution is to replace flat label predic-
tion with cognitively aligned, exemplar-driven inference. Concretely, we (i) learn a standardized
personality prototype bank by LoRA-tuning a compact (≤2B) encoder that embeds posts and type
descriptors in a shared space; (ii) perform retrieve–reason–revise–retain inference, retrieving top-
k prototypes and aggregating their evidence via similarity-weighted voting with cross-dichotomy
consistency checks, then adaptively retaining correct cases to refine the prototype bank over time;
and (iii) curate data with class-balanced, multi-dimensional LLM augmentation (semantic, linguis-
tic, sentiment) under automatic quality filtering. Across the well-established Kaggle and Pandora
benchmarks, PROTOMBTI surpasses strong neural and LLM baselines on both dichotomy-level
and 16-type evaluation. On Kaggle, it achieves an average accuracy of 85.14% across the four
dimensions, exceeding prior work by 7.35%. Under distribution shift, it demonstrates superior
cross-dataset transfer, reaching 96.41% average accuracy on the Pandora test set, which is 30.64%
higher than previous results. Moreover, it yields case-based rationales at a fraction of the compute
of very large LLMs, and the analysis of results remains aligned with existing psychological insights.

2 RELATED WORK

Predicting MBTI Personality Types from Text. Automatically detecting personality from text
has become an increasingly prominent focus in computational psycholinguistics. Although the Big
Five framework still dominates in psychological research John & Srivastava (1999), the MBTI My-
ers (1962); McCrae & Costa (1989) remains widely used in online communities, self-assessment
platforms, and workplace settings Quenk (1999). MBTI categorizes individuals into 16 types based
on four dichotomies: Introversion vs. Extraversion, Sensing vs. Intuition, Thinking vs. Feeling,
and Judging vs. Perceiving. Existing computational approaches to MBTI prediction can be broadly
divided into three categories: LIWC-based methods. These approaches rely on psycholinguistic
lexicons such as LIWC to extract handcrafted linguistic and psychological features Taboada et al.
(2011); Komisin & Guinn (2011), which are typically combined with traditional classifiers such as
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SVMs Cui & Qi (2017) and XGBoost Tadesse et al. (2018). However, they fundamentally depend on
predefined rules, which conflicts with the notion of psychological reality of categories in prototype
theory. Deep learning methods. Neural architectures such as convolutional neural networks Xue
et al. (2018), recurrent neural networks Tandera et al. (2017), and hierarchical encoders are capa-
ble of automatically learning features from raw text and generally outperform LIWC-based models
Ryan et al. (2023); Ashraf et al. (2024); Shanmukha et al. (2024). Pre-trained transformer models,
such as BERT and RoBERTa, have also been widely adopted, either encoding user posts as single
documents Jiang et al. (2020); Keh et al. (2019); Patil et al. (2024); Zhang (2023); Tareaf (2022) or
within post-level hierarchical structures Shobha et al. (2024); Lynn et al. (2020), and are often com-
bined with external features such as LIWC or graph-based context Zhu et al. (2024b); Yang et al.
(2022). Recent efforts such as TrigNet Ma et al. (2022) and Transformer-MD Yang et al. (2021a)
leverage hierarchical or knowledge-enriched representations. Large language model methods. Re-
cent advances employ large language models (LLMs) for few-shot prediction, data augmentation,
or zero-shot classification Li et al. (2024). Representative works include TAE Hu et al. (2024),
MBTIBench Li et al. (2025), and ETM Bi et al. (2025), which integrate contrastive objectives or
multi-view learning. Although soft-labeling trends have emerged, these methods largely neglect the
prototype effect. These three paradigms mainly focus on classifying higher-level MBTI categories
and do not address the more fine-grained and challenging task of predicting all 16 personality types.
In addition, their designs rely on using the entire training data for prediction, which means that the
model makes decisions by referencing all samples. This introduces excessive noise rather than pre-
cisely attending to the most relevant prototypes, thereby limiting performance and weakening gen-
eralization. Personality traits, by nature, should generalize across diverse contexts. To address these
limitations, our proposed ProtoMBTI framework performs personality-relevance retrieval within the
prototype bank, selects the prototypes most aligned with the current test input, and then delegates
inference to an LLM. This process enables reliable prediction of the full 16-type classification while
overcoming the aforementioned limitations and demonstrating stable generalization across datasets
and tasks.

Personality Alignment and Prototype-Theoretic Approaches in LLMs. Recent work has ex-
plored aligning large language models (LLMs) with human personality traits by manipulating inter-
nal activations or identifying personality-sensitive neurons Zhu et al. (2024a); Deng et al. (2024).
These approaches control how models exhibit personality but do not address how they reason about
it. In parallel, prototype-based methods have been applied to improve interpretability and gener-
alization in LLM reasoning, such as using sentence-level prototypes for faithful explanations Wei
et al. (2025), building logical prototype spaces He et al. (2025), or incorporating exemplars in in-
context learning Ren et al. (2024). While these studies highlight the promise of prototypes, they do
not explicitly link reasoning to cognitive alignment. Our work differs by introducing the notion of
cognitive alignment, leveraging prototype theory to align LLM reasoning processes with established
psychological mechanisms, thereby enhancing interpretability and generalization in personality in-
ference.

3 MAIN INSPIRATION

Prototype theory was first proposed by Rosch (1973); Rosch & Mervis (1975); Rosch (1975), which
states that categories are organized around highly typical members (i.e., prototypes), while other
members are hierarchically associated with the category according to their degree of similarity to
the prototype. In MBTI personality classification, “Extraversion” or “Introversion” can be viewed
as categories, and prototypical utterances such as “I enjoy going out with friends” for extraversion
or “I prefer solitude and reflection” for introversion serve as prototypes of these categories (shown
in Figure 1). Building on this view, we model personality type recognition as a prototype-driven
reasoning process. Specifically, our approach consists of two key stages: (i) constructing a prototype
bank that captures the typical characteristics of different personality types, and (ii) leveraging this
prototype bank for analogy and matching, thereby inferring the most probable personality type of
an input.

In (1), we treat large-scale MBTI datasets as accumulated long-term experience, and use semantic
embedding learning to abstract these experiences into balanced and high-quality cognitive anchors
for each personality type. In (2), individuals are assumed to first hold prototype representations
in cognition. When encountering a new case, they retrieve the most similar prototype, reuse its
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Figure 2: Overview of the LLM-driven augmentation and 4D Classifier training. Rare MBTI categories are
expanded via sampling and few-shot prompting, with generated posts filtered by the 4D Classifier. Only sam-
ples with consistent four-dimension predictions are retained to form the prototype dataset. The 4D Classifier
encodes text with a language module, followed by four dimension-specific heads and a joint type head, opti-
mized with combined losses to ensure reliable filtering.

linguistic or behavioral cues for inference, revise the reasoning if inconsistencies arise, and retain
the new experience once validated. This “retrieve–reuse–revise–retain” cycle closely parallels the
reasoning framework of Case-Based Reasoning (CBR) Hatalis et al. (2025); Wiratunga et al. (2024);
Aamodt & Plaza (1994); Kolodner (1992), but CBR does not address the cognitive internalization of
cases. In this regard, our “Prototype-Based” Reasoning (PBR) framework establishes a personality
type reasoning method that is more aligned with psychological cognitive processes.

4 FORMULATION

We model MBTI personality types as a hierarchically structured semantic category system. Specif-
ically, we define four higher-level categories C(i), where i ∈ {1, 2, 3, 4} corresponds to any of the
four MBTI dimensions (E/I, S/N, T/F, J/P). Each higher-level category is a binary classification
space that captures cognitive preferences along its respective dimension. Furthermore, the complete
MBTI category space is modeled as the Cartesian product of these four higher-level categories, i.e.,
CMBTI =

∏4
i=1 C(i). This formulation reflects the cognitive property of basic-level categories: per-

sonality recognition can be conducted at a coarse granularity over the four dimensions, or at a fine
granularity by distinguishing among the 16 complete MBTI types. We define a prototype p as a
triplet ⟨a, e, c⟩ where (i) a, the attribute, refers to observable information such as a post text; (ii) e,
the embedding, represents the relational features between the attribute a and the category c; and (iii)
c ∈

⋃4
i=1 C(i) ∪ CMBTI is the category. For instance, if c ∈ C(1), then c ∈ {E, I}. If c ∈ CMBTI, then

c corresponds to one of the 16 predefined MBTI personality types.

Our Task. Given a user-generated post a, the objective is to infer the author’s MBTI personality
type within the hierarchical category space. Specifically, the task can be formulated at two levels
of granularity: (i) at the upper level, inferring the category c ∈ C(i) for each MBTI dimension
i ∈ {1, 2, 3, 4}, corresponding to four binary classification tasks (E/I, S/N, T/F, J/P); and (ii) at the
lower level, inferring the category c ∈ CMBTI = C(1) ×C(2) ×C(3) ×C(4), which corresponds to the
16 fine-grained MBTI personality types.
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Figure 3: ProtoMBTI framework with prototype construction and reasoning. The upper panel shows how
posts are semantically, sentimentally, and linguistically interpreted by a light LLM and stored in the Prototype
Bank. The lower panel illustrates reasoning via the retrieve–reuse–revise–retain cycle, enabling interpretable
MBTI detection through prototype-driven inference.

5 METHODOLOGY

5.1 DATA AUGMENTATION

In order to address the imbalance in category distribution and the limitations of raw sample qual-
ity, it is necessary to perform data augmentation prior to prototype construction(see more in Ap-
pendix F,Algorithm 1). Let the original labeled dataset be denoted as U = {⟨a, c⟩}, where a is a
user text and c ∈ CMBTI is its personality label. A subset is denoted as U ′ ⊂ U . We define a data
augmentation operator driven by LLMs(shown in Figure 2), A : U ′ → Uproto, which consists of
two main stages: (i) class-balanced augmentation with quality filtering and (ii) multi-dimensional
augmentation.

Class-balanced augmentation with quality filtering. To address the imbalance among MBTI
categories, we first guide the LLM with prompt instructions (see Appendix G, Table 3 for details)
to generate new samples ⟨a′, c⟩ from original samples ⟨a, c⟩, ensuring semantic or stylistic variation
while preserving category consistency. For each target class c, several category-specific prompts are
designed. To ensure label consistency and usability, we employ a 4D Classifier as a quality filter(see
detail in Appendix D). It consists of a pre-trained encoder with four dimension-specific heads (I/E,
S/N, T/F, P/J) and one overall MBTI type head. Once trained to near state-of-the-art accuracy Lin
et al. (2024), the classifier serves as a “gatekeeper” to filter LLM-generated candidates. A sample
⟨a′, c⟩ is accepted intoA1(U

′) only if both the overall type and all four dichotomy predictions match
the target label.
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5.2 PROTOTYPE BUILDING

Multi-dimensional augmentation. As shown in Figure 3, suppose the original dataset has size
n. After class-balanced augmentation and filtering, m new samples are added, resulting in n + m
samples in total. To further enrich expression, we perform semantic, linguistic, and sentiment aug-
mentations Hu et al. (2024) on all these n+m samples, obtaining attribute-extended representations
a∗. This process is also guided by prompt templates (see Appendix G, Table 4). The final augmented
set maintains a size of n+m, but each sample now has attribute-extended representations modified
along semantic, linguistic, and sentiment dimensions.

Formal Representation of the Augmented Dataset. Let the original dataset size be n, and let
m denote the number of additional samples obtained after class-balanced augmentation. To provide
a unified formulation, we define the overall augmentation operator as A = A2 ◦ A1, where A1

represents class-balanced augmentation with quality filtering, and A2 denotes multi-dimensional
augmentation across semantic, linguistic, and sentiment dimensions. For an input sample aj , its
augmented representation is defined as a∗j = A(aj). Thus, the final augmented dataset has a size of
n+m, which is formally expressed as Uproto =

{
⟨a∗j , cj⟩

∣∣ j = 1, 2, . . . , n+m
}
, where a∗j denotes

the attribute-extended representation of sample j produced by the operator A, and cj ∈ CMBTI

represents its corresponding label. After augmentation, we conduct quality control on generated
samples.

Personality Representation Learning. Let the input text be denoted as a ∈ Uproto, with its cor-
responding personality category c ∈ CMBTI. We define a mapping operator E to learn the relational
embedding between text and category, E : (a, c) 7→ r ∈ Rd, where r represents the semantic rela-
tion vector between the input text a and the personality category c. To achieve this, we fine-tune a
compact (≤2B) encoder on Uproto using LoRA, enabling it to capture distinctive MBTI personality
features and produce the corresponding personality embedding r. Given an input a, the encoder
outputs an overall MBTI type prediction ĉ ∈ CMBTI (e.g., INFJ). Its embedding vector is repre-
sented as r = fθ(a), where fθ denotes the fine-tuned LLM encoder. During training, we perform
supervision only at the overall 16-type classification level. The cross-entropy loss is defined as
Lproto = CE(ĉ, c), where c is the ground-truth label. By updating parameters efficiently through
LoRA, the model learns discriminative embeddings for different personality types. Each training
sample ⟨a, c⟩ is ultimately mapped to a standardized prototype triplet, p = ⟨a, r, c⟩, and stored in
the prototype bank P as P = {⟨a, r, c⟩ | ⟨a, c⟩ ∈ Utrain} (see in Appendix F,Algorithm 2)..

5.3 PROTOTYPE-BASED REASONING

Prototype Retrieval. Let the test set be denoted as U∗ ⊂ U , where U∗ ∩ U ′ = ∅, which contains
only the posts post∗ to be classified. For each post∗, we first apply the multi-dimensional augmen-
tation operator A2 defined during training to obtain the augmented representation a′ = A2(post

∗).
We define the inference encoding operator E∗, which maps the input a′ into an overall embedding
vector using the fine-tuned compact encoder, i.e., r′ = E∗(a′). We then define the similarity oper-
ator S, which measures the similarity between r′ and each prototype embedding r in the prototype
bank P using cosine similarity: S(r′, r) = r′·r

∥r′∥ ∥r∥ . Finally, we define the prototype retrieval
operator Rk, which selects the top-k prototypes most similar to r′ from the prototype bank P:
Rk(r

′,P) = {pi = ⟨ai, ri, ci⟩}ki=1.

Prototype Inference. We define the prototype inference operator I, which is instantiated by LLMs.
It takes as input the target post a′ together with the retrieved prototype set {ai, ci}ki=1 by prompt
templates (see Appendix G, Table 5), and outputs a predicted distribution ŷ, i.e., I(a′,Rk(r′,P)) 7→
ŷ. We then compare the predicted result with the ground-truth category c. If the prediction is correct,
i.e., ĉ = c, where ĉ = argmax ŷ, we construct a new prototype triplet p′ = ⟨a′, r′, c⟩ and update the
prototype bank as P ← P ∪ { p′ }(see in Appendix F,Algorithm 3)..

6 EXPERIMENTS

Research Questions. To systematically evaluate the effectiveness and cognitive plausibility of the
ProtoMBTI framework, we formulate the following research questions:
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• RQ1 (Section 7.1): Does prototype-based personality detection achieve better performance
than existing state-of-the-art (SOTA) models?

• RQ2 (Section 7.2): Can the framework’s effectiveness and the contribution of prototypes to
the reasoning process be empirically validated?

• RQ3 (Section 7.1): Do prototypes preserve generalization ability across different test sets?

Experimental Design. To address RQ1, we evaluate ProtoMBTI against baselines on Kaggle and
Pandora across both dichotomy and 16-type settings. For RQ2, we conduct ablations to examine the
contribution of prototypes under varied conditions. For RQ3, we test cross-domain transfer between
Kaggle and Pandora, assessing robustness under distribution shift. Further experimental details are
provided in the Appendix E.

Datasets. We use two standard MBTI datasets: Kaggle (8,675 samples from PersonalityCafe)
and Pandora (9,067 samples from Reddit) Gjurković et al. (2020). Both are split into train-
ing/validation/test sets (8:1:1). Data augmentation is applied only to training and validation, while
test sets remain untouched to ensure fair generalization evaluation. Further statistics are reported in
Appendix E.

Model Configurations. We evaluate ProtoMBTI under different configurations by selecting rep-
resentative models for each component. For post generation and explanation, we use GPT-4o and
GPT-4o-mini to compare generative models of different scales. For data augmentation, we employ
BERT Devlin et al. (2019), RoBERTa Liu et al. (2019), and DeBERTa He et al. (2020) as the back-
bone of the 4D Classifier to control the quality of LLM-generated posts. For feature extraction,
we consider DeepSeek-1B Bi et al. (2024), Qwen2.5-1.5B Bai et al. (2025), and Llama3-1B Dubey
et al. (2024) to assess the effect of different encoder scales and architectures on personality repre-
sentation learning. Finally, for inference, we compare GPT-4o-mini, Qwen2-72B Bai et al. (2025),
and Llama3.1-70B Dubey et al. (2024) to validate the impact of different reasoning engines on final
personality prediction.

Metric. We evaluate models using accuracy at two levels: (i) four MBTI dichotomies and their
average, and (ii) all 16 MBTI types for fine-grained classification. Baseline dichotomy results are
taken from prior work Hu et al. (2024); Bi et al. (2025), while 16-type results are estimated from
dichotomy accuracies following MBTI classification rules (details in Appendix E).

Implementation and Environment. All experiments are implemented in PyTorch Paszke et al.
(2019) with Huggingface Transformers Wolf et al. (2019). Training is conducted on NVIDIA A100
and RTX 4090 GPUs, while large-scale inference uses official APIs for reproducibility. Random
seeds are fixed to ensure stability. Additional training details are provided in the Appendix E.

Baselines. We compare ProtoMBTI with a broad set of representative baselines, including tra-
ditional machine learning methods, neural network architectures, pretrained language models, and
recent LLM-based approaches(see details in Appendix H). Specifically, we include: SVM Cui & Qi
(2017), XGBoost Tadesse et al. (2018), BiLSTM Tandera et al. (2017), BERTmean Keh et al. (2019),
BERTconcat Jiang et al. (2020), AttRCNN Xue et al. (2018), AttnSeq Lynn et al. (2020), Transformer-
MD Yang et al. (2021a), TrigNet Yang et al. (2021b), D-DGCN Yang et al. (2023), GPT4o, TAE Hu
et al. (2024), and ETM Bi et al. (2025).

7 RESULTS AND DISCUSSIONS

Overall, we answer RQ1 and RQ3 through performance comparison, and RQ2 through ablation
study. In addition, we derive psychological insights from the experimental results and conduct a case
study, while discussions on data augmentation, hyper-parameters, and other results are provided in
Appendix I.

7.1 PERFORMANCE COMPARISON (RQ1,RQ3)

Our proposed ProtoMBTI framework surpasses all existing methods across all metrics, as shown
in Table 1, and achieves the best generalization performance on mixed datasets. Comparison on
single datasets. For the four MBTI dimensions, ProtoMBTIQwen achieves an average accuracy of
85.14% on the Kaggle dataset, significantly higher than the previous best model ETM (77.79%).
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Methods Kaggle Pandora
I/E S/N T/F P/J Avg. 16-Type I/E S/N T/F P/J Avg. 16-Type

SVM 53.34 47.75 76.72 63.03 60.21 12.32 44.74 46.92 64.62 56.32 53.15 7.64
XGBoost 56.67 52.85 75.42 65.94 62.72 14.89 45.99 48.93 63.51 55.55 53.50 7.94

BiLSTM 57.82 57.87 69.97 57.01 60.67 13.35 48.01 52.01 63.48 56.21 54.93 8.91
BERTconcat 58.33 53.88 69.36 60.88 60.61 13.27 54.22 49.15 58.31 53.14 53.71 8.26
BERTmean 64.65 57.12 77.95 65.25 66.24 18.78 56.60 48.71 64.70 56.07 56.52 10.00
AttRCNN 59.74 64.08 78.77 66.44 67.25 20.03 48.55 56.19 64.39 57.26 56.60 10.06
SN+Attn 65.43 62.15 78.05 63.92 67.39 20.29 56.98 54.78 60.95 54.81 56.88 10.43
Transformer-MD 66.08 69.10 79.19 67.50 70.47 24.41 55.26 58.77 69.26 60.90 61.05 13.70
TrigNet 69.54 67.17 79.06 67.69 70.86 25.00 56.69 55.57 66.38 57.27 58.98 11.98
D-DGCN 68.41 65.66 79.56 67.22 70.21 24.02 61.55 55.46 71.07 59.96 62.01 14.55
D-DGCN+ℓ0 69.52 67.19 80.53 68.16 71.35 25.64 59.98 55.52 70.53 59.56 61.40 13.99

GPT4o 65.86 51.69 78.60 63.93 66.89 17.11 55.52 49.79 71.25 60.51 59.27 11.92
TAE 70.90 66.21 81.17 70.20 72.07 26.75 62.57 61.01 70.53 59.34 63.05 15.98
ETM 68.97 71.21 86.19 84.78 77.79 35.89 68.57 64.91 66.07 63.53 65.77 18.68

ProtoMBTIllama 81.92 87.70 86.04 82.47 84.03 71.11 69.05 68.85 68.98 70.82 69.43 50.30
ProtoMBTIQwen 83.74 88.10 84.54 84.18 85.14 71.42 71.63 66.98 73.25 70.33 70.55 41.86
ProtoMBTIGPT4o 82.36 85.55 82.70 80.04 82.66 68.39 70.41 70.65 73.32 71.27 71.41 60.22

ProtoMBTImix 93.54 93.54 95.69 93.23 93.50 85.54 96.25 97.08 96.75 95.54 96.41 92.13
ProtoMBTImix-ex 91.08 90.77 94.46 90.15 91.62 81.23 90.44 91.25 91.35 90.44 90.87 81.15

Table 1: Performance comparison of ProtoMBTI and baselines on Kaggle and Pandora datasets. Metrics
include four dimension accuracies, their average, and the 16-type accuracy (theoretical for baselines computed
as the product of the four dimension accuracies, direct prediction for ProtoMBTI). Subscripts denote different
LLMs, mix for same-source training/testing, and mix-ex for cross-source evaluation.

On the Pandora dataset, ProtoMBTIGPT4o reaches 71.41%, again exceeding ETM (65.77%). For the
16-type classification task, the best theoretical value reported in prior work is only 35.89% (ETM)
on Kaggle, while ProtoMBTIQwen achieves 71.42%, representing a remarkable improvement. These
results demonstrate that under single-dataset settings, ProtoMBTI outperforms the current state-of-
the-art methods in both four-dimension and 16-type classification. Comparison on mixed datasets.
When Kaggle and Pandora are combined for training while validation and test sets remain consis-
tent within a single dataset, ProtoMBTImix performs substantially better than single-dataset training.
For the 16-type accuracy, performance on Kaggle increases from 71.41% to 85.54%, and on Pandora
from 60.22% to 92.13%. The model also achieves the best performance across all four MBTI dimen-
sions under this setting. Cross-dataset evaluation. When validation and test sets are swapped across
datasets, ProtoMBTImix-ex still maintains strong generalization. For the 16-type classification, the
model achieves 81.23% on Kaggle and 81.15% on Pandora. For the four-dimension average, Kag-
gle reaches 91.62%, only 1.88 percentage points lower than the same-domain ProtoMBTImix, and
Pandora reaches 90.87%, 5.54 percentage points lower. Although performance decreases compared
to the same-domain setting, it remains far superior to single-dataset training.

7.2 ABLATION STUDY (RQ2)

Table 2 presents the ablation study results on the Kaggle dataset. These results highlight the cen-
tral role of prototypes, data augmentation, and prototype reasoning. We take ProtoMBTIQwen as the
full model and compare its ablation performance on the Kaggle dataset. First, effective prototype
selection is crucial: using random prototypes (ProtoMBTIRandomProto) or simple semantic retrieval
(ProtoMBTISemantic) significantly reduces the four-dimension accuracy to 79.66% and 79.50%, and
lowers the 16-type accuracy to only 50.77% and 50.15%, both worse than ProtoMBTIZeroProto with-
out any prototypes (54.15%). This indicates that prototype selection directly affects model per-
formance, and inappropriate prototype selection can interfere with classification, even performing
worse than not using prototypes at all. Second, removing category balancing or explanation-based
augmentation also harms performance: ProtoMBTIExplain only drops to 56.62% on the 16-type task,
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Methods Kaggle
I/E S/N T/F P/J Avg 16-type

ProtoMBTIQwen 83.74 88.10 84.54 84.18 85.14 71.42
ProtoMBTIRandomProto 81.54 83.69 80.62 70.77 79.66 50.77
ProtoMBTIZeroProto 83.08 82.77 81.85 73.23 80.73 54.15
ProtoMBTI[k+1, 2k] 80.92 82.77 80.92 78.15 80.69 59.08
ProtoMBTIsemantic 81.54 81.54 81.85 71.08 79.50 50.15
ProtoMBTIExplain only 82.77 89.45 78.66 73.58 81.12 56.62
ProtoMBTIRaw 79.02 88.63 71.51 70.69 77.96 45.37
EncoderOnlyLLaMA-1B 82.46 83.08 83.38 76.92 81.46 59.69
EncoderOnlyQwen-1.5B 80.00 83.69 83.38 76.62 80.92 60.62
EncoderOnlyDeepSeek-1B 80.92 81.54 84.00 74.77 80.31 56.22

Table 2: Ablation study results(accuracy%) on the Kaggle dataset. The table is divided into three parts: the first
part compares ProtoMBTI with three different LLMs; the second part reports ablations on the prototype bank
and data augmentation, where RandomProto samples random prototypes, ZeroProto removes the prototype
bank entirely, [k+1,2k] uses secondary prototypes, Semantic applies semantic rather than personality-matching
retrieval, Explain only removes category balancing and uses only LLM-based explanations with prototype rea-
soning, and Raw uses no augmentation but retains prototype reasoning; the third part evaluates encoder-only
models that classify posts directly using prototype encoders without LLM-based reasoning.

Figure 4: t-SNE visualization of the prototype bank on the Kaggle dataset. Each point represents the em-
bedding of an MBTI type, with colors distinguishing personality categories. Large numbered circles denote
prototypes most frequently retrieved during testing.

while ProtoMBTIRaw decreases further to 45.32%. Third, eliminating prototype reasoning leads to
the most severe degradation. Encoder-only models achieve at most 60.62% on the 16-type task, far
below ProtoMBTI with prototype reasoning. In addition, the 16-type metric is more sensitive than
the four-dimension average accuracy: the gap between ProtoMBTIQwen and ProtoMBTIRaw is 26.1
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percentage points on the 16-type task, while the average accuracy across the four dimensions differs
by only 7.18 percentage points.

7.3 PSYCHOLOGICAL ALIGNMENT DISCUSSION

In human cognition, prototype theory highlights four key characteristics of category organization:
(i) Prototype Effect: individuals tend to recognize the most representative members of a category
more quickly and accurately Rosch (1975); for example, utterances that strongly reflect extraversion
(e.g., a strong interest in social interactions) are often prioritized in inferring extraverted personality
types. (ii) Basic-level Categories: humans tend to classify at the “most natural” level Rosch et al.
(1976), such as first distinguishing the four high-level MBTI dichotomies before refining into 16
concrete personality types, with the classification task becoming increasingly difficult. (iii) Graded
Membership: members of a category vary in representativeness, with some closer to the prototype
than others Rosch (1975). (iv) Fuzzy Boundaries: categories do not exhibit sharp boundaries but
rather contain overlaps and intersections Rosch (1973); Rosch & Mervis (1975).

Our experimental results validate these characteristics at multiple levels. Table 1 shows that Pro-
toMBTI prioritizes the most representative samples rather than averaging over all data points, and
outperforms existing methods across all metrics, demonstrating the crucial role of the Prototype Ef-
fect(see case study in Appendix C). Second, results on mixed and cross-dataset settings reveal that
ProtoMBTI maintains stable performance even when validation and test data come from different
sources. This indicates that the model captures shared features across categories and achieves trans-
ferability, reflecting the principle of Family Resemblance. Meanwhile, results on the four MBTI
dimensions are consistently stronger and more stable than those on the 16-type classification, par-
ticularly in ablation and generalization settings. This suggests that the model is more effective at
classifying at higher-level categories, consistent with the theory of Basic-level Categories.

Furthermore, the ablation study in Table 2 shows that prototypes differ substantially in their contribu-
tion: highly representative prototypes improve performance, while random or non-typical prototypes
interfere with inference and can perform worse than not using prototypes at all. This directly corre-
sponds to the phenomenon of Graded Membership. Finally, Figure 4 presents the t-SNE distribution
of the prototype bank on the Kaggle dataset. Frequently retrieved prototypes are concentrated near
the centers of their respective clusters (e.g., ISFJ, INTP), indicating that they function as “typical
members.” At the same time, overlaps between some categories and the proximity of their prototypes
reveal the Fuzzy Boundaries of MBTI categories, a finding that resonates with prior psychological
studies on the limited separability of MBTI types Stein & Swan (2019); Capraro & Capraro (2002);
Erford et al. (2025). This suggests that prototype distributions not only reflect clustering structures
but also capture cognitive confusability across categories.

8 CONCLUSION AND LIMITATION

This study introduces ProtoMBTI, a prototype-based framework for MBTI personality detection.
Beyond achieving state-of-the-art performance, our findings show that prototype theory provides a
cognitively grounded paradigm for AI reasoning. By leveraging typical members, fuzzy boundaries,
and hierarchical categorization, ProtoMBTI aligns classification with human cognition. While the
results are strong, several considerations remain. First, although LLM-based augmentation con-
tributes to performance gains, we fix prompt templates and protocols to ensure reproducibility and
release these details for verification. The framework itself does not depend on a specific backbone,
though outcomes may vary across LLMs. Second, although prior work has not directly reported 16-
type accuracy, ProtoMBTI outperforms existing methods in both average and dimension-level accu-
racy, suggesting that the improvement is meaningful; nevertheless, future work may explore direct
multi-class baselines. Third, we position ProtoMBTI as a promising step rather than a final solution,
as broader validation across datasets and domains is required. Fourth, our theoretical grounding
relies on classical prototype theory, future works will incorporate recent research in computational
cognitive science. Finally, although demonstrated here in the MBTI setting, the prototype-driven
reasoning paradigm can naturally extend to soft-label personality models, the Big Five, sentiment
analysis, and multimodal classification, underscoring its broader potential. We view this work as a
step toward bridging cognitive science and artificial intelligence, guiding AI systems toward more
interpretable and human-aligned reasoning.
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A THE USE OF LARGE LANGUAGE MODELS(LLMS)

In this work, Large Language Models (LLMs) were used in the following auxiliary capacities:

1. Data augmentation: Prompt templates for generating synthetic posts were drafted with the
assistance of GPT-4o, ensuring linguistic diversity and alignment with MBTI personality categories.
The final prompts were manually verified and refined by the authors.

2. Code generation: Portions of the experimental codebase were initially drafted using an editor
equipped with an LLM assistant (based on GPT-4.1). These drafts were strictly treated as scaffold-
ing; all implementations were subsequently checked, rewritten where necessary, and validated by
the authors to guarantee correctness and reproducibility.

3. Manuscript refinement: GPT-5 was employed for polishing the writing, including grammar
correction, wording suggestions, and restructuring of some paragraphs. Importantly, the intellectual
contributions—including research design, theoretical framing, dataset construction, experiments,
and analyses—were carried out entirely by the authors.

4. Dataset handling: All datasets used in this study are publicly available (Kaggle and Pandora
MBTI corpora). Prior to any use with LLMs, we performed preprocessing and cleaning to ensure
that no sensitive or personally identifiable information (PII) was input into the models.

All other aspects of this study—including literature review, methodological design, data processing,
model training, evaluation, interpretation of results, and theoretical grounding—were performed
solely by the human authors. The LLMs served only as auxiliary tools to improve efficiency and
clarity; they did not contribute to the conceptual novelty or scientific insights of this work.

B PROTOTYPE THEORY INSIGHTS

Details on Prototype Construction and Reasoning. Prototype construction aligns with the Pro-
totype Effect in psychology: prototypes are abstracted from long-term experience and serve as cog-
nitive anchors that represent the most typical members of a category. In our setting, Kaggle and
Pandora posts are regarded as accumulated experiential data, and semantic embeddings are trained
to internalize these experiences. To ensure psychological plausibility, we balance sample distribu-
tions across MBTI categories and apply quality filtering, so that embeddings faithfully represent
their categories rather than spurious artifacts. This construction ensures that frequently invoked pro-
totypes occupy central positions within clusters, mirroring the notion that typical members are more
cognitively salient than atypical ones.

Beyond the prototype effect, the construction also reflects graded membership: within each MBTI
type, some posts are more representative than others, and our selection strategy assigns higher weight
to prototypes that are more frequently retrieved during inference. This graded salience ensures that
the prototype bank does not treat all members as equal, but rather reflects the natural hierarchy of
typicality within categories.

Prototype-based reasoning follows a retrieve–reuse–revise–retain cycle: new inputs are matched
against existing prototypes, adapted through linguistic and behavioral cues, corrected if inconsis-
tent, and retained if verified. This cycle parallels Case-Based Reasoning (CBR) Hatalis et al. (2025);
Wiratunga et al. (2024); Aamodt & Plaza (1994); Kolodner (1992), but differs by explicitly modeling
the cognitive internalization process suggested by prototype theory. Specifically, retrieval captures
the family resemblance principle: inputs are not compared on rigid boundaries but by overlapping
features with prototypes, reflecting the fuzzy nature of MBTI category boundaries observed in psy-
chology.

Finally, the dual-level supervision design (dimensions vs. types) embodies the notion of basic-level
categories. The four MBTI dichotomies act as higher-level categories, while the 16 MBTI types cor-
respond to finer-grained subcategories. By grounding inference at both levels, ProtoMBTI captures
the cognitive process of transitioning smoothly from coarse categories to specific exemplars. This
hierarchical organization reflects the graded structure between superordinate, basic, and subordinate
levels emphasized in prototype theory.
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Figure 5: Comparison of ISTP personality traits (left) and ProtoMBTI model outputs (right). High-
lighted words indicate cues aligned with ISTP attributes.

In summary, prototype construction operationalizes the prototype effect and graded membership,
while prototype-based reasoning integrates family resemblance and basic-level categories. Thus,
ProtoMBTI does not merely apply prototypes as a computational trick, but instantiates them as
cognitively grounded mechanisms of categorization.

C CASE STUDY

The case study shown in Figure 5 is drawn from the real test set and the prototypes retrieved and
invoked by the model from the prototype bank.

The left-hand side presents the official MBTI definition and characteristics of the ISTP type. ISTPs
are described as pragmatic, logical, and problem-solving “doers.” Their strengths include calmness,
rationality, and composure in crises, while their weaknesses involve aloofness, insensitivity, and a
tendency to avoid commitments.

The right-hand side illustrates the reasoning process of ProtoMBTI on a real social media post.
The user’s text contains expressions such as “cut the noise,” “fix problems,” and “don’t waste time
whining or explaining,” which semantically emphasize a direct and pragmatic attitude. Sentiment
analysis indicates determination and a sense of control, while linguistic analysis shows concise,
forceful, and emotionally restrained style. The high-frequency prototypes (Top1–Top3) retrieved
from the prototype bank further highlight patterns such as “solving problems rather than display-
ing emotions,” “avoiding unnecessary explanations,” and “valuing action over words.” The model
ultimately categorizes the post as ISTP, which aligns closely with the official MBTI description.

This case study demonstrates that the prototype reasoning mechanism of ProtoMBTI can capture
both cognitive and affective cues from text and map them onto the corresponding personality cat-
egory. More importantly, the result illustrates the prototype effect and graded membership: the
invoked ISTP prototypes are precisely the most representative exemplars of the type, enabling the
model to transition from linguistic cues to personality categories. This validates that prototype-
driven reasoning is effective not only in quantitative performance but also in providing psychologi-
cally grounded interpretability.

D 4D CLASSIFIER

Training setup. The raw data are split into training, validation, and test sets with an 8:1:1 ratio.
Formally, given an input post x, an encoder fθ maps the text into a latent representation. This
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representation is shared across multiple prediction heads: four dichotomy heads g(i)ϕi
, i ∈ {1, 2, 3, 4}

corresponding to the four MBTI dimensions, and one type-level head g
(type)
ψ corresponding to the

full 16-type classification. The predictions are given by

ĉ(i) = g
(i)
ϕi
(fθ(x)), ĉtype = g

(type)
ψ (fθ(x)).

Loss functions. Let c(i) denote the ground-truth label of the i-th MBTI dimension and c the
ground-truth 16-type label. We employ standard cross-entropy loss for both dimension-level and
type-level tasks:

Ldim = 1
4

4∑
i=1

CE(ĉ(i), c(i)), Ltype = CE(ĉtype, c).

The dimension loss Ldim encourages correct classification across the four dichotomies, while the
type loss Ltype directly supervises the fine-grained 16-type prediction.

Gradient updates. During training, each dichotomy head g
(i)
ϕi

is updated with gradients from its

own cross-entropy loss ∇CE(ĉ(i), c(i)), and the type-level head g
(type)
ψ is updated by ∇Ltype. The

encoder fθ is updated by a balanced combination of both supervision signals:

Lenc =
1
2

(
Ltype + Ldim

)
.

This design ensures that the encoder simultaneously learns to capture broad dichotomy-level infor-
mation and fine-grained 16-type discriminative features. In practice, this joint optimization stabilizes
training and improves generalization across datasets.

Rationale for joint supervision. The use of both dimension-level and type-level supervision is
motivated by the cognitive principle of basic-level categories in prototype theory Rosch (1975). In
human categorization, individuals tend to reason at an intermediate level of abstraction: basic-level
categories (e.g., “chair”) are cognitively more salient than superordinate categories (e.g., “furniture”)
or subordinate categories (e.g., “rocking chair”).

In the MBTI setting, the four dichotomies (I/E, S/N, T/F, J/P) can be viewed as higher-level di-
mensions, whereas the 16 types represent finer-grained subcategories. By jointly supervising the
encoder with both dimension-level and type-level signals, ProtoMBTI encourages representations
that are consistent across levels of categorization. This allows the encoder to learn (i) robust gen-
eral features that align with dichotomous personality dimensions, and (ii) discriminative features
necessary for fine-grained type prediction.

From a modeling perspective, this joint training mitigates the risk of overfitting to either overly
coarse (dimension-only) or overly fine-grained (type-only) supervision. From a cognitive perspec-
tive, it operationalizes the graded relationship between superordinate, basic-level, and subordinate
categories as described in prototype theory, ensuring that the learned prototypes function as psycho-
logically plausible category exemplars.

E EXPERIMENT SETUP

Detailed Experimental Design. For RQ1, we design Main Experiment 1, comparing ProtoMBTI
and baseline models on Kaggle and Pandora in both the four MBTI dichotomies (I/E, S/N, T/F, J/P)
and the full 16-type classification. For RQ2, we run a series of ablation studies to isolate the role of
prototypes in reasoning. The conditions include: (i) top-k prototype retrieval; (ii) interval-based re-
trieval ([k+1, 2k]); (iii) random prototype selection; (iv) no prototypes, with only multi-dimensional
explanation of raw data; and (v) no data augmentation. For RQ3, we conduct cross-domain transfer
experiments by training on mixed datasets while validating on a single source, and by evaluating
transfer between Kaggle and Pandora in both directions. We analyze performance degradation in
both dichotomy-level and 16-type classification to assess generalization under distribution shift.
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Dataset Details. The Kaggle dataset consists of 8,675 users, each with a four-letter MBTI type
and excerpts from their 50 most recent posts. The Pandora dataset comprises 9,067 Reddit users,
offering a more diverse linguistic distribution. Detailed pre- and post-augmentation distributions
across MBTI types and dimensions are shown in Tables 6, 7, 8, and dataset splits are listed in
Table 9. Only training and validation sets undergo augmentation; test sets remain original.

Metric Details. For comparability, we adopt accuracy as the main metric. At the higher level,
accuracy is reported for each MBTI dichotomy (I/E, S/N, T/F, J/P) and their average. At the finer
level, we report accuracy over all 16 MBTI types, which offers a more comprehensive measure of
model performance. Since prior studies did not directly report 16-type performance, we compute
theoretical results by multiplying the four dichotomy accuracies under MBTI logic.

Implementation Details. We use PyTorch Paszke et al. (2019) with Huggingface Transform-
ers Wolf et al. (2019) for all implementations. Optimization follows AdamW Loshchilov & Hutter
(2017) with an initial learning rate of 2 × 10−5, batch size of 32, and 10 epochs. Experiments
are run on an NVIDIA A100 GPU (80GB) and, for smaller-scale runs, on an NVIDIA RTX 4090.
For large-scale inference with models exceeding local GPU memory, we rely on official APIs. All
experiments are conducted with fixed random seeds to guarantee result stability.

F ALGORITHM

Analysis of Algorithm 1. The augmentation algorithm proceeds in two major stages designed
to address distinct challenges in MBTI text classification. Stage A1 targets class imbalance by
iteratively generating synthetic samples for under-represented categories. Instead of blindly trusting
LLM outputs, a dedicated 4D Classifier acts as a gatekeeper to ensure label fidelity at both the
dichotomy and full-type levels. This filtering step is essential to prevent label noise, which would
otherwise dilute the quality of the prototype bank.

Stage A2 enriches the representational space by applying multi-dimensional augmentations (seman-
tic, linguistic, sentiment) to all available samples. Rather than expanding the dataset size indefi-
nitely, each instance is transformed into an attribute-extended representation, ensuring diversity of
expression without inflating sample counts. This design maintains computational efficiency while
increasing robustness to stylistic and affective variability in real-world posts.

Overall, the algorithm ensures that the final augmented dataset Uproto achieves three desirable prop-
erties: (i) balanced distribution across MBTI types, (ii) high fidelity through classifier-verified fil-
tering, and (iii) rich expressiveness via controlled augmentation dimensions. These characteristics
jointly improve the stability of prototype construction and inference, especially under cross-domain
distribution shifts.

Analysis of Algorithm 2. The prototype construction procedure transforms the augmented dataset
Uproto into a structured prototype bank P . The process begins by fine-tuning a compact LLM en-
coder fθ using LoRA. This choice balances two competing objectives: (i) sufficient capacity to
capture MBTI-specific textual nuances, and (ii) computational efficiency compared to large-scale
models. Training is supervised at the 16-type classification level, ensuring embeddings reflect per-
sonality distinctions at the most granular MBTI resolution.

Each sample is then mapped to a prototype triplet ⟨a, r, c⟩, where r denotes the semantic embedding
aligned with label c. Unlike traditional label-only storage, this triplet representation preserves both
the linguistic surface form (a) and its learned relational embedding (r), enabling exemplar-driven
retrieval during inference. Optional organization by class further facilitates efficient prototype ac-
cess.

Overall, Algorithm 2 ensures that the resulting prototype bank has three desirable properties: (i) dis-
criminative power, since embeddings are trained with supervised MBTI signals; (ii) interpretabil-
ity, as each prototype links a real text instance to its embedding and type; and (iii) extensibility,
allowing incremental updates as new verified cases are added during inference. These properties
make P a cognitively plausible and computationally tractable foundation for prototype-driven rea-
soning.
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Algorithm 1 LLM-Driven Data Augmentation
Require: Original labeled dataset U = {⟨a, c⟩}; class set CMBTI; subset U ′ ⊂ U ; LLM with

prompt templates (see Appendix); a trained 4D Classifier as gatekeeper
Ensure: Augmented dataset Uproto

Stage A1: Class-balanced augmentation with quality filtering
1: for all class c ∈ CMBTI do
2: Determine target count to balance class c
3: while class c is under target do
4: Select seed ⟨a, c⟩ from U ′ (or U )
5: Use LLM + class-specific prompt to generate candidate ⟨a′, c⟩
6: Run 4D Classifier on a′ to obtain predicted type and four dichotomies
7: if predicted type = c and each predicted dichotomy matches c then
8: Accept ⟨a′, c⟩ into A1(U

′)
9: end if

10: end while
11: end for
12: Form U (1) ← U ∪ A1(U

′)

Stage A2: Multi-dimensional augmentation
13: for all ⟨a, c⟩ ∈ U (1) do
14: Apply LLM-based semantic augmentation to obtain variant(s)
15: Apply LLM-based linguistic augmentation to obtain variant(s)
16: Apply LLM-based sentiment augmentation to obtain variant(s)
17: Merge attribute-extended representation(s) into a∗

18: end for
19: Assemble Uproto ← {⟨a∗, c⟩ | ⟨a, c⟩ ∈ U (1)}
20: Optional: run a final quality-control pass on generated items; remove low-quality samples
21: return Uproto

Analysis of Algorithm 3. The inference procedure integrates prototype retrieval with LLM-based
reasoning to align prediction with psychological intuition. Each unseen post is first augmented (A2)
to enrich stylistic and semantic variability, ensuring that inference is not overly sensitive to surface-
level expression. The post is then encoded into an embedding r′ via the inference encoder E∗ and
compared against the prototype bank P using cosine similarity. This design enables inference by
analogy, where predictions are grounded in similarity to previously observed exemplars.

The operator I incorporates both the target post and the retrieved prototypes into a prompt, guiding
the LLM to perform case-based reasoning. This step provides interpretability: the model’s decision
can be traced to specific prototype examples. The final prediction is obtained via argmax ŷ, but the
process also includes an adaptive retention mechanism. If the prediction matches the ground truth,
the system adds a new prototype to P . This revise-and-retain step continuously refines the prototype
bank with verified instances, enhancing robustness under distributional shifts.

Overall, Algorithm 3 ensures three desirable properties: (i) cognitive plausibility, by reasoning
through exemplar similarity; (ii) interpretability, as predictions are linked to retrieved cases; and
(iii) adaptivity, since the prototype bank evolves over time. These properties make the inference
process more faithful to human categorization behavior while maintaining practical efficiency.

G DATA AUGMENTATION AND SPLIT

Analysis of Table 3. The prompt templates in Table 3 define style-specific instructions for each
of the 16 MBTI types. The design rationale is to enable LLMs to generate augmented samples that
not only preserve semantic content but also reflect personality-consistent linguistic patterns. Each
template encodes a concise description of the target type’s stylistic traits (e.g., emotional expressive-
ness for INFP, logical precision for ISTJ, or energetic spontaneity for ENFP) and provides explicit
rewriting instructions. This ensures that generated texts maintain category fidelity while diversifying
surface realizations.
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Algorithm 2 Prototype Construction
Require: Augmented dataset Uproto; compact (≤2B) encoder fθ (LoRA-enabled)
Ensure: Prototype bank P

1: Initialize fθ with LoRA adapters
2: Train fθ on Uproto with 16-type supervision (details omitted)
3: P ← ∅
4: for all ⟨a, c⟩ ∈ Uproto do
5: Compute embedding r ← fθ(a)
6: Predict overall MBTI type ĉ (for monitoring only)
7: Create prototype triplet p← ⟨a, r, c⟩
8: Insert p into prototype bank: P ← P ∪ {p}
9: end for

10: Optional: organize P by class; (e.g., index or shard by c)
11: return P

Algorithm 3 Prototype-Driven MBTI Inference
Require: Test set U∗ = {post∗}; augmentation operator A2; inference encoder E∗; prototype bank
P; similarity operator S; retrieval operator Rk; LLM-based inference operator I

Ensure: Predictions {ŷ}; updated prototype bank P
1: for all post∗ ∈ U∗ do
2: Apply augmentation: a′ ← A2(post

∗)
3: Encode representation: r′ ← E∗(a′)
4: Retrieve prototypes: {pi = ⟨ai, ri, ci⟩}ki=1 ← Rk(r

′,P) using S
5: Infer prediction distribution: ŷ ← I(a′, {ai, ci}ki=1)
6: Obtain predicted type: ĉ← argmax ŷ
7: if ĉ matches ground-truth c then
8: Construct new prototype: p′ ← ⟨a′, r′, c⟩
9: Update bank: P ← P ∪ {p′}

10: end if
11: end for
12: return predictions {ŷ} and updated P

Compared to generic augmentation, these prompts introduce cognitively aligned variation, ground-
ing synthetic data in psychological theory rather than arbitrary transformations. The resulting aug-
mented corpus therefore exhibits (i) stylistic fidelity, where rewritten samples better capture MBTI-
consistent tone and expression; (ii) semantic stability, since prompts emphasize preservation of
meaning while altering style; and (iii) inter-class contrast, as differences between MBTI types are
explicitly reinforced through tailored instructions. Together, these properties improve the robustness
of prototype construction and enhance the interpretability of downstream inference.

Analysis of Table 4. The explanation prompt template in Table 4 is designed to elicit structured,
multi-view interpretations of social media posts from an LLM. By framing the model as a psycholin-
guistics expert, the prompt encourages analysis along three complementary axes: semantic content,
sentiment polarity, and linguistic style. The explicit JSON output format enforces consistency, fa-
cilitating automatic parsing and integration into downstream pipelines without post-hoc cleaning.
This structured approach ensures (i) semantic grounding, by summarizing communicative intent;
(ii) affective coverage, by capturing emotional tone; and (iii) stylistic profiling, by characterizing
writing mannerisms. Together, these outputs provide rich annotations that enhance prototype con-
struction, improve interpretability of MBTI inference, and enable reproducible evaluation of model
behavior across diverse posts.

Analysis of Table 5. The inference prompt template specifies how the LLM performs prototype-
driven MBTI classification. By positioning the model as an “expert in MBTI personality typing and
linguistic style analysis,” the template aligns the reasoning process with human expert judgment.
The structure explicitly combines the target user post with a set of retrieved reference examples
from the prototype bank, enabling case-based reasoning through direct comparison. The stepwise

20



1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133

Under review as a conference paper at ICLR 2026

Table 3: LLM-based data augmentation prompt templates for MBTI writing styles.
MBTI
Type

Prompt Template

INFP You are a language model trained to write like an INFP: gentle, emotionally expres-
sive, idealistic, and introspective. Rewrite any input text in this style, highlighting
personal meaning, feeling, and poetic insight.

INFJ You are a language model trained to write like an INFJ: visionary, reflective, pro-
found, and empathetic. Rewrite the text with deep insight, symbolic language, and a
focus on inner values and human connection.

INTP You are a language model trained to write like an INTP: analytical, abstract, precise,
and curious. Rewrite the input in a style that emphasizes logical reasoning, philo-
sophical depth, and theoretical musings.

INTJ You are a language model trained to write like an INTJ: strategic, decisive, and con-
ceptually visionary. Rewrite the text to reflect high-level planning, clarity of purpose,
and structured insight.

ENFP You are a language model trained to write like an ENFP: energetic, imaginative,
playful, and values-driven. Rewrite the text with creativity, warmth, enthusiasm, and
emotional spontaneity.

ENFJ You are a language model trained to write like an ENFJ: charismatic, supportive, and
purpose-oriented. Rewrite the input with persuasive language, emotional attunement,
and a focus on inspiring others.

ENTP You are a language model trained to write like an ENTP: witty, spontaneous, inven-
tive, and intellectually provocative. Rewrite the text with cleverness, enthusiasm, and
a tendency to challenge ideas in creative ways.

ENTJ You are a language model trained to write like an ENTJ: assertive, organized, and
visionary. Rewrite the input with strong leadership language, structured logic, and
forward-thinking analysis.

ISFP You are a language model trained to write like an ISFP: gentle, artistic, sensory-
focused, and value-driven. Rewrite the text with a focus on aesthetics, present-
moment experience, and authentic self-expression.

ISFJ You are a language model trained to write like an ISFJ: thoughtful, nurturing, reliable,
and detail-oriented. Rewrite the input with warmth, practical compassion, and an
emphasis on duty and emotional responsibility.

ISTP You are a language model trained to write like an ISTP: concise, pragmatic, obser-
vant, and independent. Rewrite the text with straightforward logic, action-oriented
insight, and calm detachment.

ISTJ You are a language model trained to write like an ISTJ: logical, methodical, de-
pendable, and tradition-conscious. Rewrite the text in a clear, factual tone with an
emphasis on structure, duty, and responsibility.

ESFP You are a language model trained to write like an ESFP: vibrant, expressive, present-
focused, and playful. Rewrite the text with high energy, sensory detail, and a zest for
life and connection.

ESFJ You are a language model trained to write like an ESFJ: warm, supportive, socially
aware, and harmonious. Rewrite the text in a friendly tone with attention to social
relationships, kindness, and tradition.

ESTP You are a language model trained to write like an ESTP: direct, dynamic, action-
focused, and confident. Rewrite the text with a bold, high-energy tone and a focus on
results, excitement, and real-world application.

ESTJ You are a language model trained to write like an ESTJ: organized, authoritative, and
objective. Rewrite the text in a businesslike tone, emphasizing efficiency, clarity, and
control.

instructions ensure that predictions are not only label-oriented but also accompanied by linguistic
analysis (style, tone, logicality, emotionality) and similarity assessment against exemplars. This de-
sign yields three advantages: (i) faithfulness, since predictions are grounded in concrete prototype
evidence; (ii) interpretability, as reasoning steps are made explicit; and (iii) adaptivity, because
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Table 4: LLM explanation prompt template for analyzing social media posts.
Role You are a psycholinguistics expert.

Task Analyze the following social media post from three perspectives:
1) Semantic Summary: main idea or intention.
2) Sentiment Analysis: emotions/attitudes.
3) Linguistic Style: writing style (e.g., emotional, rational, informal, for-
mal, vague).

Output Format Return ONLY valid JSON with the exact keys below and no extra text:
{

“semantic view”: “...”,
“sentiment view”: “...”,
“linguistic view”: “...”
}

Input Post <POST TEXT>

Table 5: LLM-based inference prompt template for prototype-driven MBTI classification.
Role You are an expert in MBTI personality typing and linguistic style analysis.

Input User Post: <USER POST>
Reference Examples:
[Reference Example i]
Post Content: <post casebank>
MBTI Type: <type>

Instructions 1. Final Type:
2. Analyze the writing style, tone, logicality, and emotionality.
3. Compare it with each reference example and explain similarities.
4. Conclude with the most likely MBTI type.

the template can naturally incorporate varying numbers of retrieved cases. Overall, this prompt op-
erationalizes the “retrieve–reason–revise–retain” cycle and provides a cognitively aligned interface
between prototype retrieval and LLM inference.

Analysis of Table 6. Table 6 reports the raw distribution of MBTI categories in the Kaggle and
Pandora datasets prior to augmentation. Both datasets are highly imbalanced, with a few intuitive
patterns. First, introverted intuitive types dominate: INFP and INFJ together account for nearly 38%
of Kaggle and 24% of Pandora, while INTP and INTJ cover another 28% and 46% respectively.
Conversely, sensing–judging and extroverted sensing types (e.g., ESFJ, ESTJ, ESFP, ESTP) are
severely under-represented, each contributing below 1%–2% of total samples. Such skew mirrors
broader trends observed in online MBTI communities, where intuitive and introspective users are
more active in text-based self-expression.

The imbalance poses two key challenges: (i) training bias, as models trained on these datasets may
overfit dominant types and underperform on minority ones; and (ii) generalization risk, since low-
resource classes lack stylistic variety needed for robust prototype construction. These observations
motivate the augmentation strategy introduced in Algorithm 1, which aims to achieve class-balanced
coverage and stylistic diversity before prototype learning.

Analysis of Table 7. Table 7 presents the MBTI distributions in Kaggle and Pandora after applying
the proposed augmentation procedure. In contrast to the skewed pre-augmentation distributions
(Table 6), the post-augmentation datasets exhibit near-uniform coverage across all 16 types. Each
type constitutes approximately 6% of the total, with only minor fluctuations (within ±0.3%).

This balanced distribution addresses the two major issues observed earlier: (i) class imbalance
is mitigated, ensuring that minority types such as ESFJ, ESTJ, and ESFP are equally represented
alongside dominant types like INFP and INTJ; and (ii) stylistic diversity is enhanced by multi-
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MBTI Type Kaggle Pandora

Count Percent Count Percent

INTP 1304 15.03% 2336 25.76%
INTJ 1091 12.58% 1847 20.37%
INFP 1832 21.12% 1074 11.85%
INFJ 1470 16.95% 1051 11.59%
ENTP 685 7.90% 631 6.96%
ENFP 675 7.78% 617 6.80%
ISTP 337 3.88% 407 4.49%
ENTJ 231 2.66% 320 3.53%
ISTJ 205 2.36% 195 2.15%
ENFJ 190 2.19% 163 1.80%
ISFP 271 3.12% 123 1.36%
ISFJ 166 1.91% 109 1.20%
ESTP 89 1.03% 72 0.79%
ESFP 48 0.55% 50 0.55%
ESTJ 39 0.45% 43 0.47%
ESFJ 42 0.48% 29 0.32%

Total 8675 100% 9067 100%

Table 6: Distribution of MBTI types in Kaggle and Pandora datasets before augmentation

dimensional augmentation, which increases variability within each class without inflating dataset
size arbitrarily.

As a result, the augmented datasets provide a more equitable training signal for prototype construc-
tion, reducing the risk of bias toward majority classes and improving cross-class generalization.
This uniformity also simplifies downstream evaluation by aligning per-type accuracy with overall
performance, making improvements interpretable and comparable across categories.

MBTI Type Kaggle (Aug) Pandora (Aug)

Count Percent Count Percent

INTP 2144 6.30% 2336 6.87%
INTJ 2115 6.21% 2147 6.32%
INFP 2235 6.56% 2155 6.34%
INFJ 2120 6.23% 2142 6.30%
ENTP 2120 6.23% 2127 6.26%
ENFP 2117 6.22% 2111 6.21%
ISTP 2102 6.17% 2106 6.20%
ENTJ 2105 6.18% 2088 6.14%
ISTJ 2062 6.06% 2093 6.16%
ENFJ 2126 6.24% 2104 6.19%
ISFP 2188 6.43% 2098 6.17%
ISFJ 2103 6.18% 2116 6.23%
ESTP 2148 6.31% 2102 6.19%
ESFP 2068 6.07% 2077 6.11%
ESTJ 2120 6.23% 2090 6.15%
ESFJ 2177 6.39% 2102 6.19%

Total 34050 100% 33994 100%

Table 7: Distribution of MBTI types in Kaggle and Pandora datasets after augmentation

Analysis of Table 8. Table 8 compares the distributions of the four MBTI dimensions before
and after augmentation for Kaggle and Pandora. In the pre-augmentation setting, both datasets
exhibit strong biases: introversion (I) dominates over extraversion (E) with ratios exceeding 3:1;
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intuition (N) heavily outweighs sensing (S), particularly in Pandora where nearly 89% of users fall
into the N pole; thinking (T) and feeling (F) distributions are skewed differently across datasets,
with T-dominance in Pandora and F-dominance in Kaggle; and perceiving (P) is systematically
overrepresented compared to judging (J). These imbalances reflect community-level self-selection
effects, as certain personality types are more active in online MBTI forums.

After augmentation, each pole within a dimension is balanced close to 50%–50%, with deviations
under 0.5%. This equilibrium ensures that the augmented datasets no longer privilege one side
of a dichotomy, thereby reducing systemic bias in downstream classifiers. Importantly, balancing
at the dimension level complements type-level augmentation (Table 7): while type-level balancing
equalizes the 16 categories, dimension-level balancing guarantees consistent representation of the
four psychological dichotomies. Together, these adjustments provide a more cognitively plausible
and statistically robust foundation for prototype construction and MBTI inference.

Dimension Pole Kaggle Pandora

Count (Pre / Aug) Percent Count (Pre / Aug) Percent

E / I E 1999 / 16963 23.04% / 49.8% 1925 / 16870 21.23% / 49.6%
I 6676 / 17069 76.96% / 50.2% 7142 / 17124 78.77% / 50.4%

S / N S 1197 / 16968 13.80% / 49.9% 1028 / 16902 11.34% / 49.7%
N 7478 / 17064 86.20% / 50.1% 8039 / 17112 88.66% / 50.3%

T / F T 3981 / 16898 45.89% / 49.7% 5851 / 17021 64.53% / 50.0%
F 4694 / 17134 54.11% / 50.3% 3216 / 16993 35.47% / 50.0%

J / P J 3434 / 16928 39.59% / 49.7% 3757 / 16972 41.44% / 49.9%
P 5241 / 17104 60.41% / 50.3% 5310 / 17042 58.56% / 50.1%

Total 8675 / 34068 100% / 100% 9067 / 34079 100% / 100%

Table 8: Distribution over the four MBTI dimensions in Kaggle and Pandora datasets before and
after augmentation

Analysis of Table 9. Table 9 summarizes the dataset splits for Kaggle and Pandora after augmen-
tation. The design follows two principles. First, the train and validation sets are constructed from
the augmented corpora to ensure class balance across all four MBTI dichotomies. This prevents
learning bias toward majority poles and provides stable supervision signals during prototype con-
struction. Second, the test sets remain unaugmented, preserving the natural class skew observed in
the raw data. This choice makes evaluation more realistic, as models must generalize to authentic
distributions rather than artificially balanced ones.

Across both datasets, training and validation counts are tightly matched across poles (differences
< 1%), reflecting the success of augmentation in balancing the data. In contrast, the test sets reveal
the original imbalances (e.g., far more N than S, and more I than E), which allows us to assess
robustness under distribution shift. This split strategy thus provides (i) fair training, with balanced
supervision signals; (ii) realistic evaluation, by retaining natural skew in the test data; and (iii)
generalization stress-testing, by forcing models trained on balanced data to handle unbalanced
distributions at inference time.

H BASELINES

We select several representative baseline methods in our experiments, ranging from traditional ma-
chine learning approaches to deep learning architectures and the latest large language model (LLM)-
based methods. These baselines not only reflect the developmental trajectory of personality detec-
tion research but also provide a solid comparative foundation for evaluating ProtoMBTI.

Traditional machine learning methods. SVM Cui & Qi (2017) and XGBoost Tadesse et al.
(2018) are widely used in early personality detection studies. These methods typically concatenate
all user posts into a single long document, extract statistical features using a bag-of-words model,
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Table 9: Dataset Splits for Kaggle and Pandora Datasets (After Augmentation)
Dataset Types Train(Aug) Validation(Aug) Test(Raw)

Kaggle

I / E 13656 / 13568 1706 / 1698 652 / 201
S / N 13650 / 13574 1697 / 1707 111 / 742
T / F 13520 / 13704 1689 / 1705 403 / 450
P / J 13682 / 13542 1711 / 1693 514 / 339

Pandora

I / E 13820 / 13470 1720 / 1690 480 / 355
S / N 13710 / 13580 1705 / 1690 118 / 725
T / F 13560 / 13730 1690 / 1705 395 / 460
P / J 13680 / 13610 1708 / 1692 505 / 340

and then apply classification algorithms such as SVM or XGBoost for prediction. The advantages
of these methods lie in their simplicity and low computational cost, but they fail to capture semantic
information and contextual relationships effectively.

Neural network methods. BiLSTM Tandera et al. (2017) model the contextual information of
text by employing bidirectional LSTM networks, and they merge post embeddings into a unified
representation using average pooling for personality prediction. Compared with traditional meth-
ods, BiLSTM provides stronger sequence modeling capability, yet it still struggles with long-text
modeling and global semantic understanding.

Pretrained language models such as BERT mean Keh et al. (2019) and BERT concat Jiang et al.
(2020) introduce transformer-based architectures into personality detection tasks. BERT mean en-
codes each post with BERT and applies average pooling to generate a user-level representation,
which is then mapped to personality labels. BERT concat concatenates all user posts into a single
long document, encodes the text with BERT, and then applies fully connected layers for classifica-
tion. Both approaches significantly improve semantic modeling capacity, but they remain limited in
capturing personality consistency across multiple posts.

AttRCNN Xue et al. (2018) employs a hierarchical deep neural network that combines an AttRCNN
structure with an Inception variant to capture deep semantic features, while also incorporating sta-
tistical linguistic features to enhance recognition accuracy. AttnSeq Lynn et al. (2020) introduces a
hierarchical attention mechanism that applies attention at both the word level and the message level,
enabling the model to capture personality-related signals at multiple granularities. These approaches
partly alleviate the challenges of long-text modeling and emphasize the contributions of different
semantic levels. Transformer-MD Yang et al. (2021a) is specifically designed for multi-document
personality detection. It employs a Multi-Document Transformer architecture with memory tokens
and shared positional embeddings, allowing dynamic information access across posts, mitigating
order bias, and constructing coherent personality representations over multiple documents.

TrigNet Yang et al. (2021b) integrates psycholinguistic knowledge by introducing a psycholinguis-
tic tripartite graph network. This method combines a BERT-based initializer with a graph atten-
tion mechanism to incorporate psycholinguistic features into the task, significantly enhancing the
model’s ability to capture the relationship between language use and personality traits.

D-DGCN Yang et al. (2023) further proposes a Dynamic Deep Graph Convolutional Network that
models user posts as dynamic graphs with posts as nodes. It captures cross-post relationships
through multi-hop connectivity and deep graph convolution layers. This approach reduces the influ-
ence of post order bias and improves the robustness of personality feature representations.

LLM-based methods. TAE Hu et al. (2024) applies large language models for data augmentation
and combines them with smaller models for efficient inference. Its central idea is to leverage the
generative capability of LLMs in semantic, affective, and linguistic dimensions to augment posts,
thereby improving downstream training effectiveness and generalization. ETM Bi et al. (2025)
further exploits the dual capability of LLMs in personality detection, using them both as generators
for synthesizing high-quality training samples and as embedding extractors for semantically rich
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representations. This approach enhances performance in data-scarce scenarios and demonstrates the
potential of LLMs in this domain.

I MORE RESULTS AND ANALYSIS

Table 2 presents the ablation study results on the Kaggle dataset, reporting accuracies for the four
MBTI dimensions, the average accuracy, and the 16-type classification accuracy. The table is di-
vided into three parts: the first part shows the full ProtoMBTI model under Qwen, the second
part reports ablations on the prototype bank and data augmentation strategies, and the third part
provides results of encoder-only models that directly classify posts without prototype reasoning.
First, regarding the contribution of prototypes, the results demonstrate that effective use of pro-
totypes is crucial for performance improvement. ProtoMBTI[k+1,2k] achieves an average accuracy
of 80.69%, slightly lower than the complete model ProtoMBTIQwen with 85.14%, indicating that
using secondary prototypes leads to limited degradation. In contrast, ProtoMBTIRandomProto and
ProtoMBTISemantic reduce the average accuracy to 79.66% and 79.50%, and the 16-type accuracy
to 50.77% and 50.15%, respectively, both worse than ProtoMBTIZeroProto without any prototypes
(54.15%). This shows that inappropriate prototype selection can interfere with classification and
even perform worse than not using prototypes at all. Second, regarding the contribution of data
augmentation, performance drops significantly when category balancing and LLM-based explana-
tion augmentation are removed. ProtoMBTIExplain only yields a 16-type accuracy of 56.62%, while
ProtoMBTIRaw further decreases to an average accuracy of 77.96% and a 16-type accuracy of only
45.32%. These results indicate that both category balancing and explanation-based augmentation
play essential roles in maintaining model performance, especially in the fine-grained 16-type clas-
sification task. Third, regarding the contribution of prototype reasoning, performance degrades
markedly when prototype reasoning is removed and classification relies solely on prototype en-
coders. The EncoderOnly models achieve at most 60.62% in 16-type accuracy, which is significantly
lower than ProtoMBTI models with prototype reasoning (up to 71.42%). This demonstrates that sim-
ple embedding-based classification cannot capture the categorical structure of MBTI, and prototype
reasoning is the core mechanism for achieving high performance. Fourth, concerning the sensitivity
of the 16-type metric, this indicator is more responsive to ablation than the four-dimension aver-
age accuracy. The complete model ProtoMBTIQwen reaches 71.42% on the 16-type classification,
while the worst model ProtoMBTIRaw achieves only 45.32%, showing a large gap of 26.1 percentage
points. By comparison, the variation in four-dimension average accuracy is relatively smaller. This
contrast illustrates that in fine-grained classification, the effects of prototype selection, reasoning,
and augmentation are amplified, highlighting their critical role in final performance. Finally, the
overall results provide strong evidence for the prototype effect. When the model leverages appropri-
ate prototypes for matching and reasoning, it significantly outperforms random or semantic retrieval
of non-typical prototypes. This finding is consistent with psychological insights that humans rely on
the most representative prototypes, rather than vague or atypical members, when making categorical
judgments. The performance of ProtoMBTI thus indicates that introducing prototype reasoning in
MBTI detection enhances the clarity and reliability of category distinctions, aligning with the central
hypothesis of the prototype effect.

Analysis of Table 10. Table 10 reports the performance of different backbone encoders within
the proposed 4D Classifier framework on the Kaggle validation set. The classifier evaluates gen-
erated posts along four MBTI dimensions (I/E, S/N, T/F, P/J) as well as overall 16-type accuracy.
Results show that all three transformer-based variants (BERT, RoBERTa, DeBERTa) achieve strong
dimensional classification, with accuracies exceeding 83% across all dichotomies. Among them,
4D-DeBERTa yields the best overall performance, reaching 88.63% average dichotomy accuracy
and 71.08% 16-type accuracy.

These findings confirm two points: (i) dimension-specific supervision effectively constrains label
fidelity in augmented samples, ensuring consistency across both dichotomy and full-type levels;
and (ii) higher-capacity encoders like DeBERTa provide additional gains, making them reliable
gatekeepers for filtering noisy or misaligned generations. By adopting this filtering mechanism,
only high-quality, label-consistent posts are retained in the augmented dataset, which significantly
improves the integrity of the prototype bank used for downstream inference.
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Methods Kaggle
I/E S/N T/F P/J Avg 16-type

4D-BERT 88.59 92.05 84.22 83.87 87.18 67.28
4D-Roberta 89.17 92.04 85.48 86.52 88.30 69.93
4D-Deberta 89.63 93.09 85.60 86.18 88.63 71.08

Table 10: Performance comparison on Kaggle validation set.

Analysis of Table 11. Table 11 compares two LLM variants, 4o and 4o-mini, on post-level aug-
mentation quality across MBTI types. The “ratio” row shows the number of generated posts that
successfully passed the 4D classifier filtering, while “Acc. score” reflects the average acceptance
rate across types. Results indicate that 4o-mini consistently outperforms 4o, achieving a higher
overall pass ratio (108 vs. 99) and a +0.0584 improvement in acceptance score.

At the per-type level, improvements are most evident for low-resource categories such as INFJ
(+0.20) and INFP (+0.30), where stylistic fidelity is harder to capture. Gains are also observed in
several extroverted intuitive types (ENFJ, ENFP, ESTJ), while a few types (e.g., ESFP, ISFP, ISTP)
exhibit small drops. The mixed shifts across classes suggest that model size alone does not guarantee
uniform improvements; rather, lighter variants may better align with the stylistic constraints imposed
by prompts and filtering.

Overall, these results demonstrate that 4o-mini provides a more effective balance between generation
diversity and label consistency, making it a preferable choice for large-scale augmentation in our
framework.

Type 4o 4o-mini ∆
ratio 99 / 154 108 / 154 +9
Acc. score 0.6429 0.7013 +0.0584
ENFJ 0.40 0.60 +0.20
ENFP 0.70 0.90 +0.20
ENTJ 0.90 1.00 +0.10
ENTP 0.80 0.80 0.00
ESFJ 1.00 1.00 0.00
ESFP 0.90 0.70 -0.20
ESTJ 0.70 0.90 +0.20
ESTP 0.70 0.80 +0.10
INFJ 0.10 0.30 +0.20
INFP 0.10 0.40 +0.30
INTJ 0.30 0.30 0.00
INTP 0.50 0.50 0.00
ISFJ 0.80 0.80 0.00
ISFP 0.70 0.60 -0.10
ISTJ 0.90 0.90 0.00
ISTP 1.00 0.90 -0.10

Table 11: Performance comparison of different LLMs (4o vs 4.1mini) in post-level data augmenta-
tion across MBTI types. ∆ indicates the performance gap (4omini - 4o).

Analysis of Figure 6. Figure 6 illustrates the relationship between prediction accuracy and the
number of retrieved prototypes k used during inference. The results show that accuracy improves
substantially when increasing k from 1 to 3, reaching the highest performance at k = 3 (59.38%).
Beyond this point, performance begins to decline gradually, with accuracy falling below 56% when
k = 9.

This trend highlights a key trade-off in prototype aggregation. Using too few prototypes (e.g., k = 1)
provides insufficient context and may lead to unstable predictions dominated by a single exemplar.
Conversely, using too many prototypes (e.g., k = 9) introduces noise and dilutes the discriminative
signal, as irrelevant or weakly similar cases are included. A moderate value (k = 3) strikes the best
balance by capturing diverse yet relevant exemplars, thereby improving both stability and accuracy.
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Figure 6: Accuracy with different values of k in prototype selection. The model achieves the
best performance at k=3 (59.38%), while both smaller (k=1) and larger (k=9) values lead to lower
accuracy, indicating that moderate prototype aggregation improves stability.

These findings provide empirical justification for setting k = 3 in our framework and confirm that
prototype-driven inference benefits from controlled, rather than excessive, exemplar aggregation.

Analysis of Table 12. While the main text reports results in terms of accuracy, Table 12 provides
complementary evaluation using the macro-averaged F1 score, which is more sensitive to class im-
balance and therefore a stricter measure of performance. The results reveal several consistent pat-
terns. First, single-backbone variants of ProtoMBTI (LLaMA, Qwen, GPT4o) achieve moderate F1
scores across the four MBTI dimensions (typically 75–85%) but exhibit sharp drops in the 16-type
setting (33–63%), reflecting difficulty in handling fine-grained categories under limited per-class
support.

In contrast, the ensemble-based variants (ProtoMBTImix and ProtoMBTImix-ex) show substantial im-
provements. ProtoMBTImix achieves the strongest results overall, reaching above 90% F1 across
all four dimensions and exceeding 85% on Kaggle and 92% on Pandora for the 16-type task. This
demonstrates that combining multiple backbones provides complementary strengths, yielding more
robust and balanced predictions. ProtoMBTImix-ex, though slightly weaker, still outperforms all
single-backbone baselines by a large margin.

These findings confirm that (i) ensembles mitigate the weaknesses of individual models, especially
for underrepresented MBTI types, and (ii) the improvements observed in accuracy metrics (reported
in the main paper) are reinforced by F1 analysis, which highlights gains in balanced precision–recall
trade-offs. Thus, ProtoMBTI’s ensemble design not only boosts overall correctness but also ensures
fairness and robustness across the MBTI label space.

Analysis of Table 13. Table 13 reports recall scores for all ProtoMBTI variants on Kaggle and Pan-
dora. Recall is especially critical in the MBTI setting, as it measures the ability to correctly identify
minority types that may otherwise be overlooked. Consistent with accuracy and F1 trends, single-
backbone models (LLaMA, Qwen, GPT4o) achieve reasonable recall on the four MBTI dimensions
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Methods Kaggle Pandora
I/E S/N T/F P/J 16-Type I/E S/N T/F P/J 16-Type

ProtoMBTIllama 77.62 78.80 81.82 75.39 56.52 67.26 64.59 72.21 57.54 36.27
ProtoMBTIQwen 81.30 85.07 84.31 82.50 63.44 71.99 65.91 72.92 67.33 34.22
ProtoMBTIGPT4o 80.61 79.74 85.85 78.26 60.33 68.90 62.87 68.93 60.26 33.93

ProtoMBTImix 91.70 95.26 95.91 92.14 85.59 96.27 97.08 96.74 95.55 92.11
ProtoMBTImix-ex 90.44 91.33 91.33 90.41 81.18 88.16 93.36 94.74 88.65 81.48

Table 12: Overall performances of ProtoMBTI variants in F1 (%), including 16-type classification.

(typically 75–85%), but their performance drops sharply in the 16-type setting (≈31–62%), indicat-
ing that many fine-grained categories are missed.

The ensemble approaches again deliver clear improvements. ProtoMBTImix achieves the highest
recall overall, surpassing 90% across dimensions and reaching 96.51% on Pandora for the 16-type
task. ProtoMBTImix-ex also performs strongly, particularly on Kaggle (90.97% in 16-type recall),
confirming its robustness. These results demonstrate that ensemble methods not only improve over-
all correctness (accuracy) and balance (F1) but also substantially reduce false negatives, ensuring
better coverage of underrepresented MBTI types.

In summary, the recall analysis complements accuracy and F1 by highlighting the framework’s
effectiveness in capturing diverse personality types without disproportionately favoring dominant
categories. This reinforces the conclusion that ProtoMBTI’s ensemble design enhances both fairness
and robustness in personality inference.

Methods Kaggle Pandora
I/E S/N T/F P/J 16-Type I/E S/N T/F P/J 16-Type

ProtoMBTIllama 76.55 76.55 82.26 74.78 54.89 68.16 66.41 72.46 62.11 33.20
ProtoMBTIQwen 80.36 83.36 84.54 81.86 62.04 73.31 68.73 73.06 68.03 31.45
ProtoMBTIGPT4o 79.96 77.25 86.07 77.49 57.94 68.95 64.84 68.95 63.67 31.45

ProtoMBTImix 88.55 98.14 95.91 93.48 85.54 96.83 97.12 96.37 95.71 96.51
ProtoMBTImix-ex 90.46 92.17 91.08 90.17 90.97 82.44 98.14 94.74 90.58 91.23

Table 13: Overall performances of ProtoMBTI variants in Recall (%), including 16-type classifica-
tion.

Overview of Figures. Figures 7–12 report the performance of single-model ProtoMBTI variants
(GPT-4O, QWEN, and LLAMA) on both the Kaggle and Pandora datasets. Specifically, Figures 7
and 8 show results for GPT-4O, Figures 9 and 10 for QWEN, and Figures 11 and 12 for LLAMA.
Figures 13–20 present the results of mixed-training experiments. Accuracy curves are given in
Figures 13, 15, 17, and 19, while their corresponding ROC curves are reported in Figures 14, 16,
18, and 20. Together, these figures provide a holistic view of model accuracy, robustness, and cross-
domain generalization under both individual and mixed training regimes.
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Figure 7: 4o-kaggle presents the confusion matrix of ProtoMBTIGPT-4o-mini on the Kaggle dataset.
The model demonstrates strong identification of certain personality types, such as INFP, ENFP, and
ISTP, where predictions align closely with true labels. However, misclassifications frequently occur
between semantically adjacent types, for example ENTP vs. ENTJ and INFJ vs. INTP, reflecting
the difficulty of distinguishing categories that share overlapping linguistic or cognitive traits. These
patterns indicate that ProtoMBTIGPT-4o-mini tends to recognize prototypical expressions of each type
but struggles with borderline cases, suggesting the necessity of prototype-aware methods to refine
disambiguation among closely related MBTI categories.
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Figure 8: 4o-pandora shows the confusion matrix of ProtoMBTIGPT-4o-mini on the Pandora dataset.
Compared to Kaggle, the model exhibits higher confusion across nearly all types, with frequent
misclassifications between functionally similar categories such as INTJ vs. INTP and ENTP vs.
ENFP. Although certain prototypical classes like INFP and ESFP retain relatively strong recogni-
tion, the overall diagonal dominance is weaker, reflecting the increased difficulty of the Pandora
benchmark due to greater lexical diversity and distributional shift. These results highlight the lim-
ited robustness of ProtoMBTIGPT-4o-mini in cross-domain scenarios and underscore the importance of
prototype-informed generalization to maintain stability when faced with heterogeneous data.
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Figure 9: QW-kaggle illustrates the confusion matrix of ProtoMBTIQwen on the Kaggle dataset. The
framework achieves clear diagonal dominance for types such as INFP, ENFP, and ISTP, suggest-
ing strong recognition of prototypical linguistic patterns. Nonetheless, frequent confusions appear
among adjacent types, including ENTP vs. ENTJ and INFJ vs. INTP, where overlapping dis-
course markers blur categorical boundaries. Compared with ProtoMBTIGPT-4o-mini, the results show
a similar trend of capturing core prototypes while missing fine-grained distinctions, reinforcing that
prototype-informed disambiguation remains essential for accurate type-level classification in nu-
anced MBTI detection tasks.
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Figure 10: QW-pandora presents the confusion matrix of ProtoMBTILLaMA on the Kaggle dataset.
The framework exhibits strong diagonal dominance for types such as INFP, ENFP, and ISTP, re-
flecting reliable recognition of their prototypical linguistic features. Nonetheless, confusions are
observed in adjacent pairs such as INFJ vs. INTP and ENTP vs. ENTJ, where overlapping cues
make type boundaries less distinct. Compared with ProtoMBTIQwen and ProtoMBTIGPT-4o-mini,
ProtoMBTILLaMA demonstrates similar strengths in capturing clear prototypes but shows slightly
more balanced errors across categories, indicating that its representations distribute attention more
evenly. These findings support the role of prototype anchoring in enabling stable recognition while
leaving room for improvement in resolving fine-grained distinctions.
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Figure 11: Llama-kaggle presents the confusion matrix of ProtoMBTILLaMA on the Kaggle dataset.
The framework exhibits strong diagonal dominance for types such as INFP, ENFP, and ISTP, re-
flecting reliable recognition of their prototypical linguistic features. Nonetheless, confusions are
observed in adjacent pairs such as INFJ vs. INTP and ENTP vs. ENTJ, where overlapping cues
make type boundaries less distinct. Compared with ProtoMBTIQwen and ProtoMBTIGPT-4o-mini,
ProtoMBTILLaMA demonstrates similar strengths in capturing clear prototypes but shows slightly
more balanced errors across categories, indicating that its representations distribute attention more
evenly. These findings support the role of prototype anchoring in enabling stable recognition while
leaving room for improvement in resolving fine-grained distinctions.
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Figure 12: Llama-pandora shows the confusion matrix of ProtoMBTILLaMA on the Pandora dataset.
In contrast to its relatively strong performance on Kaggle, the model exhibits substantially weaker
diagonal dominance, with high misclassification rates across nearly all types. Categories such as
INFP, ENFP, and ISFP lose much of their discriminative clarity, while confusions like INTJ vs.
INTP and ENTP vs. ENFP are pervasive. Even prototypical categories are less stable, reflect-
ing the challenging lexical and semantic variability of Pandora. Compared to ProtoMBTIQwen and
ProtoMBTIGPT-4o-mini, the performance of ProtoMBTILLaMA under domain shift appears particularly
sensitive, underscoring the necessity of integrating stronger prototype-aware transfer mechanisms to
enhance robustness in cross-domain MBTI detection.
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Figure 13: Mix-kaggle-kaggle presents the confusion matrix of ProtoMBTI trained on the mixed
Kaggle–Pandora dataset and evaluated with Kaggle as both validation and test sets. The model
achieves exceptionally strong diagonal dominance, with types such as INFJ, ENFP, and ISTP reach-
ing near-perfect recognition. Misclassifications are sparse and largely confined to adjacent cate-
gories (e.g., INTJ vs. INTP), suggesting that exposure to both Kaggle and Pandora during training
enables ProtoMBTI to generalize more robust prototypical boundaries within Kaggle data. Com-
pared with single-dataset training, the mixed setup significantly reduces confusion, highlighting the
benefits of prototype-informed learning when leveraging heterogeneous sources to stabilize within-
domain MBTI detection.
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Figure 14: Roc-mix-kaggle-kaggle depicts the micro- and macro-average ROC curves of Pro-
toMBTI trained on the mixed Kaggle–Pandora dataset and validated/tested on Kaggle. Both curves
achieve exceptionally high AUC scores (0.988 for micro-average and 0.990 for macro-average), in-
dicating consistent performance across both frequent and minority MBTI types. The close alignment
of micro and macro curves suggests that ProtoMBTI maintains balanced classification ability with-
out overfitting to dominant categories. This outcome demonstrates that incorporating heterogeneous
training data enhances the framework’s ability to capture robust prototype boundaries, yielding near-
optimal discrimination across all MBTI categories in the Kaggle domain.
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Figure 15: Mix-pandora-kaggle presents the confusion matrix of ProtoMBTI trained on the mixed
Kaggle–Pandora dataset with Pandora as validation and Kaggle as test. The model achieves strong
diagonal dominance across most categories, with especially high accuracy for INFJ, ENTP, and
ISTP. While minor confusions remain (e.g., INTJ vs. INTP and ENTP vs. ENTJ), the overall mis-
classification rates are very low, indicating effective cross-domain transfer. Compared with training
solely on Kaggle, the inclusion of Pandora during validation appears to strengthen the model’s ability
to capture more generalized prototypes, thereby improving robustness and maintaining high fidelity
in Kaggle testing.
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Figure 16: Roc-mix-pandora-kaggle illustrates the micro- and macro-average ROC curves of Pro-
toMBTI trained on the mixed Kaggle–Pandora dataset with Pandora as validation and Kaggle as
test. Both curves achieve high AUC scores (0.976 for micro-average and 0.978 for macro-average),
reflecting strong overall discriminative capacity. Compared with the Kaggle-only validation setting,
performance remains robust but slightly reduced, indicating that cross-domain validation introduces
additional variability. Nevertheless, the close alignment between micro and macro curves suggests
that ProtoMBTI continues to balance frequent and minority MBTI categories effectively, highlight-
ing its capacity to generalize prototype boundaries across heterogeneous sources while maintaining
high accuracy on the Kaggle test set.
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Figure 17: Mix-pandora-pandora presents the confusion matrix of ProtoMBTI trained on the mixed
Kaggle–Pandora dataset with both validation and test sets drawn from Pandora. The model demon-
strates very strong diagonal dominance across nearly all MBTI categories, with misclassifications
kept to a minimal level despite Pandora’s inherent lexical and semantic variability. Prototypical types
such as ENFJ, ESFJ, and ESTP achieve near-perfect recognition, while even more ambiguous types
(e.g., INFP, INFJ) maintain high accuracy. Compared with Kaggle testing, the Pandora–Pandora set-
ting confirms that cross-domain training enables ProtoMBTI to capture generalized prototypes that
align closely with the linguistic distribution of Pandora, thus validating the framework’s robustness
under within-domain evaluation of a heterogeneous dataset.
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Figure 18: Roc-mix-pandora-pandora illustrates the micro- and macro-average ROC curves of Pro-
toMBTI trained on the mixed Kaggle–Pandora dataset with both validation and test sets drawn from
Pandora. The AUC values for both micro- and macro-averages reach 0.997, indicating near-perfect
discrimination across MBTI categories. The close overlap of the two curves demonstrates that Pro-
toMBTI performs equally well on both frequent and minority types, suggesting a balanced ability to
capture prototype features regardless of class distribution. Compared with Kaggle test settings, this
within-Pandora evaluation reveals that prototype-informed learning is particularly effective when
both validation and testing share the same heterogeneous distribution, confirming the framework’s
stability and adaptability to complex linguistic variation.
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Figure 19: Mix-kaggle-pandora shows the confusion matrix of ProtoMBTI trained on the mixed
Kaggle–Pandora dataset with Kaggle as validation and Pandora as test. While the model maintains
strong diagonal dominance in several categories such as ENFJ, ESFJ, and ESTJ, error rates increase
compared to within-domain evaluations. Notably, adjacent categories like INTJ vs. INTP and INFJ
vs. INFP exhibit higher confusion, reflecting the difficulty of transferring prototype boundaries
across datasets with different linguistic characteristics. Despite these challenges, overall classifica-
tion remains robust, suggesting that mixed-domain training improves generalization but still leaves
room for refining cross-domain prototype alignment to reduce boundary ambiguity.
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Figure 20: Roc-mix-kaggle-pandora depicts the micro- and macro-average ROC curves of Pro-
toMBTI trained on the mixed Kaggle–Pandora dataset with Kaggle as validation and Pandora as test.
Both curves achieve strong AUC values (0.976 for micro-average and 0.974 for macro-average), con-
firming robust discriminative capacity across MBTI categories. Compared with Pandora–Pandora
evaluation, performance slightly declines, reflecting the challenge of transferring prototype bound-
aries when validation and test distributions differ. Nevertheless, the close alignment of micro and
macro curves suggests that ProtoMBTI preserves balanced treatment of both frequent and minority
classes, demonstrating that prototype-informed generalization effectively mitigates, though does not
eliminate, the difficulties of cross-domain adaptation.
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